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ABSTRACT
Signal transduction is an important process that
transmits signals from the outside of a cell to the
inside to mediate sophisticated biological res-
ponses. Effective computational models to unravel
such a process by taking advantage of high-
throughput genomic and proteomic data are
needed to understand the essential mechanisms
underlying the signaling pathways. In this article, we
propose a novel method for uncovering signal trans-
duction networks (STNs) by integrating protein
interaction with gene expression data. Specifically,
we formulate STN identification problem as an
integer linear programming (ILP) model, which can
be actually solved by a relaxed linear programming
algorithm and is flexible for handling various prior
information without any restriction on the network
structures. The numerical results on yeast MAPK
signaling pathways demonstrate that the proposed
ILP model is able to uncover STNs or pathways in an
efficient and accurate manner. In particular, the
prediction results are found to be in high agreement
with current biological knowledge and available
information in literature. In addition, the proposed
model is simple to be interpreted and easy to be
implemented even for a large-scale system.
INTRODUCTION
Signal transduction is the primary means that cells
respond to the external stimuli of the environment such
as growth factors and nutrients. Furthermore, signal
transduction plays an essential role in coordinating metab-
olism, cell proliferation and diﬀerentiation. Generally,
external signal or stimulus is transduced into a cell
through an ordered sequence of biochemical reactions
inside the cell. In many signal transduction processes, the
number of proteins and other molecules participating in
these events increases as the process proceeds from the
initial stimulus, which results in a ‘‘signal cascade’’.
However, experimentally identifying every reaction and
component even in a relatively simple signaling pathway
may require a concerted and decade-long eﬀort due to the
complexity of biochemical reactions in a living cell (1,2).
Recently, with the rapid advances in high-throughput
biotechnologies, a tremendous amount of experiment
data are increasingly accumulated, which provides insights
into the components and reactions involved in signal
transduction. Therefore, it is necessary to develop new
computational methods to capture the details of signaling
networks by exploiting high-throughput genomic and
proteomic data.
Since signal transduction is a process of biochemical
reactions achieved by a cascade of protein interactions,
protein–protein interaction (PPI) data are a direct
information source related to pathways, and thereby
have been extensively explored to elucidate the mechan-
isms underlying signal transduction (3). For example,
Scott et al. (4) proposed a variant of the color coding
algorithm to reconstruct signaling pathways from yeast
PPI network. In the color coding method, a number of
candidate pathways are ﬁrstly found with a score assigned
to each candidate and the top scoring pathways are then
assembled into a signaling network. By integrating both
PPI and microarray data, Steﬀen et al. (5) developed an
algorithm, namely Netsearch, to reconstruct signaling
networks. In the Netsearch method, they also rank the
candidate pathways and then aggregate top scoring
pathways into a signaling network. In addition, Liu and
Zhao (6) proposed a new score function for predicting the
order of signaling pathway components by employing
both protein interaction and microarray data. Recently,
several computational methods have been proposed for
recovering signaling networks by reconstructing PPI
networks with functional information (7,8). Note that
the method to detect signaling pathways described in (7) is
actually the one proposed in (6), which is denoted as
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diﬀerences, existing methods mainly aim at ﬁnding
a subnetwork from PPI dataset whose members have
either strong expression correlation or reliable interactions
depending on the weights of edges deﬁned for the PPI
network. However, most of them generally cannot directly
ﬁnd a signaling network as a whole, i.e. they ﬁrst identify
separate linear pathways and then heuristically assemble
them into a signaling network. Therefore, the solutions
may be inconsistent and usually result in missing impor-
tant components due to the limited prediction power.
In this work, we present a novel computational method
based on an integer linear programming (ILP) model for
detecting signal transduction networks (STNs) in an
accurate manner by integrating PPI data with gene
expression proﬁles, which is simple in algorithm and
eﬃcient in computation. In our method, we formulate
signaling network detection as an optimization problem
that aims at ﬁnding an optimal subnetwork starting
from membrane proteins and ending at transcription
factors (TFs). Diﬀerent from the existing methods, the
proposed ILP model treats a signaling network as a whole
entity rather than heuristically ranking and assembling
individual linear pathways. In particular, our method is
ﬂexible for various constraints and has no restriction on
the network structures. Therefore, we are able to exploit
all available information from experiment results or
literature, and directly uncover a general signaling net-
work in an integrated and accurate manner rather than a
particular pathway. Since a relaxed linear programming
(LP) algorithm is adopted to solve the optimization
problem, it is eﬃcient and able to handle large-scale
problems without numerical diﬃculty. The numerical
experiments on yeast MAPK signaling pathways demon-
strate the eﬀectiveness and eﬃciency of the proposed
method compared with the existing methods, e.g. more
components in main chains of pheromone response
pathway and ﬁlamentation pathway are correctly identi-
ﬁed by our proposed method. In particular, the prediction
results are found to be in high agreement with current
biological knowledge and available information from
literature.
MATERIALS AND METHODS
PPI and geneexpression datasets
In this work, three PPI datasets are employed, including
DIP (9), DIP Core (10) and SPA (7). The DIP dataset is
obtained from the DIP database (9), which includes 4839
proteins and 14319 interactions. The conﬁdence scores for
PPIs in the DIP dataset are calculated as described in (11).
The DIP Core dataset contains interactions determined by
at least one small scale experiment or at least two
independent experiments. The DIP Core dataset is down-
loaded from the DIP database in 2007 (20070107), and
contains 2558 proteins and 5967 interactions. The SPA
dataset consists of proteins that are possibly involved in
cellular communication and signal transduction mecha-
nism, and has been successfully applied to signaling
pathway recovery (7). The SPA dataset contains 1363
proteins and 3721 interactions. Table 1 shows the details
of the PPI data used in this work.
Furthermore, ﬁve gene expression datasets are used in
this work, including Carbon sources (12), Stress response
(13), Rosetta compendium (14), Diauxic shift (15) and
Phosphate metabolism (16). The details of the gene
expression data are summarized in Table 1. Since diﬀerent
signaling pathways are activated under diﬀerent condi-
tions, we used diﬀerent gene expression datasets and their
combinations to discover signaling pathways. All the gene
expression data except Diauxic shift [from GEO (17),
Accession number: GSE28] are obtained from the authors’
web sites, and normalized. In particular, the expression
data measured under 378Ct o2 5 8C shock in Stress
response dataset (13) are used in this work. For the
combination of Carbon sources (12) and Diauxic shift
(15), only genes with 2-fold expression change are selected.
For other expression datasets or combinations, no gene
selection is performed due to the relatively smaller
expression changes in these datasets. Based on gene
expression levels, irrelevant protein interactions corre-
sponding to low expression changes of genes are
eliminated, thereby signiﬁcantly reducing false positives
and improving the accuracy. The details about how to use
the PPI and gene expression data will be described in
Experimental results section.
ILP model fordetecting STNs
Given the possible starting and ending points (e.g.
membrane proteins and TFs), we propose a new method
for detecting STNs. In this article, one PPI network is
represented as a weighted undirected graph GðV;E;WÞ,
where the vertex vi 2 V represents a protein and the edge
E(i,j) denotes the experimentally observed interaction
between proteins i and j. The weight wij 2 W accompany-
ing the edge E(i,j) represents either conﬁdence score of the
interaction or expression correlation coeﬃcient based on
gene expression data. In this work, we do not discriminate
genes and their protein products.
In the weighted network, a linear path of speciﬁc length
m from a starting node to a ending node is assigned a
score, which equals to the sum of the weights on the edges
in the path, where the length of the path is the number of
proteins involved in the path. Similarly, the score of a
subnetwork is the sum of the weights accompanying the
edges of the network, and the network size is the number
of proteins in the subnetwork. Generally, the speciﬁc
Table 1. PPI and gene expression data used in detecting STNs
Dataset #proteins #interactions
Protein DIP (9) 4839 14319
–protein DIP Core (10) 2558 5967
interactions SPA (7) 1363 3721
Dataset #genes #samples
Carbon sources (12) 6383 4
Gene Stress response (13) 6446 5
expression Rosetta compendium (14) 6316 300
proﬁles Diauxic shift(15) 6065 7
Phosphate metabolism (16) 6283 8
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a signal transduction process usually starts from a
receptor protein in a cell, whereas the ending proteins
are TFs. Given an undirected weighted network
GðV;E;WÞ and the possible starting and ending compo-
nents of signaling pathways, we aim at ﬁnding a compact
connected subnetwork with maximum weight from the
network G, which is seen as the putative STN.
To accomplish the above mission, we propose a novel
ILP model to extract STNs, given membrane proteins,
TFs and a weighted PPI network. The ILP model for
uncovering a STN is described as follows:
Minmizefxi,yijg S ¼ 
X jVj
i¼1
X jVj
j¼1
wijyij þ  
X jVj
i¼1
X jVj
j¼1
yij 1
Subject to yij   xi, 2
yij   xj, 3
X jVj
j¼1
yij   1, if i is either a starting
or ending protein, 4
X jVj
j¼1
yij   2xi, if i is not a starting
or ending protein, 5
xi ¼ 1, if i is a protein
known in STN, 6
xi 2f 0,1g, i ¼ 1,2, ...,jVj, 7
yij 2f 0,1g, i,j ¼ 1,2, ...,jVj, 8
where wij is the weight of edge E(i,j) in the undirected
weighted network G, xi is a binary variable for protein i to
denote whether protein i is selected as a component of
the STN, and yij is also a binary variable to denote
whether the biochemical reaction represented by E(i,j)i sa
part of the STN.   is a positive penalty parameter
to control the trade-oﬀ between the STN weight and
STN size, and jVj is the total number of proteins in
the PPI network. The constraint
PjVj
j yij   2xi is to ensure
that xi has at least two linking edges once it is selected as
a component of the STN, whereas the constraint PjVj
j yij   1 means that each starting protein or ending
protein has at least one link to or from other proteins.
These two constraints ensure that the components in
the subnetwork are as connected as possible. The
constraints yij   xi and yij   xj mean that if and only
if proteins i and j are selected as the components of STN,
the biochemical reaction denoted by the edge E(i,j) should
be considered. Equation (6) is the condition for any
protein known involved in the STN, e.g. from the
experiment results or literature.
The ﬁrst term in the above cost function of Equation (1)
implies that we aim at ﬁnding a STN with maximum
weight, while the second term is used to control the STN
size or the number of biochemical reactions in the STN to
force a compact structure, because each PPI represented
by E(i,j) actually corresponds to a biochemical reaction.
Intuitively, if   is small, e.g. zero, all of possible links are
selected, i.e. the derived subnetwork is large and
connected; on the other hand, if   is large, it is a small
subnetwork. Therefore, the idea behind the model is that
we intend to extract a compact and connected subnet-
work that accomplishes the signal transduction process.
Such setting on the problem is reasonable because cells
should play their roles with as less energy as possible
from the evolutionary viewpoint, whereas more energy
consumption may lead to crosstalks among diﬀerent
pathways and reduce the speciﬁcity of distinct signaling
pathways (18,19). This criterion is also consistent with the
parsimony principle that is widely adopted in other areas
of computational biology such as phylogeny tree con-
struction (20) and gene network reconstruction (21). Note
that the signaling network in this article means the one
between the given membrane protein and TF, which
means that we focus on extracting one signaling network
at each time. The aim of our model is to ﬁnd a compact
signaling network while preserving the speciﬁcity of the
signaling network. The crosstalk between distinct signal-
ing networks is not taken into account here. Although the
model works in a parsimonious way, the redundancy of
the extracted signaling networks is not necessarily reduced
since the parameter   balances the parsimonious eﬀect and
the redundancy. In other words, depending on   that
balances the parsimonious eﬀect and redundancy, more
related pathways may be included in the result.
The model described earlier is a standard ILP problem.
To make the model suit for large-scale PPI networks, we
relax the constraints from binary variables xi 2f 0,1g
and yij 2f 0,1g to continuous variables xi 2½ 0,1  and
yij 2½ 0,1 . With such relaxations, we can adopt any LP
algorithm to solve the problem in an eﬃcient manner
(theoretically in polynomial time). The experimental
results show that such relaxation is both eﬃcient and
eﬀective, i.e. we almost always obtain integral solutions
although there is no theoretical proof. The ILP model
used in this work is actually the relaxed LP model.
The model has one scalar parameter   to control the
size of the derived STN, which has clear geometric
meaning and thereby can be tuned in a relatively easy
manner. Furthermore, the parameter   enables the
biologists to view the STN in a hierarchical way, where
a small   generates a large STN and vice versa. Therefore,
it is possible for one to ﬂexibly choose an interesting STN
in this way by adjusting  . Here, we give a rule to
determine the value of parameter  . Firstly, we deﬁne the
density of an extracted signaling network as follows:
D ¼
Pn
i, j wij
n
9
where wij is the weight of edge E(i,j) and n is the total
number of components in the signaling network.
Generally,   corresponding to the largest D is chosen
in this article, and the resulted subnetwork is regarded
as the putative STN accordingly. Speciﬁcally, we test   by
changing from 0 to 1 with the interval of 0.05 and choose
  corresponding to the largest D. In this article, the
optimization toolbox of MATLAB is employed for the
above optimization problem, and the uncovered STNs are
drawn using Pajek (22).
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To evaluate the signiﬁcance of the STN found by the
proposed method, two quality measures are employed:
P-value and functional enrichment. In the original PPI
network, a STN is found with the cost S (the minimum
value of the objective function in Equation (1)), where the
STN starts from a membrane protein M and ends at a TF
T. To check the signiﬁcance of the STN detected from the
PPI network, a number of random networks are generated
by shuﬄing the edges of the original network, while
preserving the degree of each node. The procedure of
generating random networks is repeated for 1000 times in
this work. For each random network, the same model is
employed to ﬁnd a subnetwork starting from M and
ending at T. The P-value of the STN detected from the
original PPI network is deﬁned as the probability that a
subnetwork with a cost less than or equal to S is found in
one random network.
To calculate the functional enrichment of the compo-
nents in the extracted signaling networks, the biological
process annotations in Gene Ontology (23) are assigned to
the proteins in STN. The probability that the components
of the signaling network have the same function can be
calculated through a hypergeometric distribution with
Gene Ontology Term Finder (http://db.yeastgenome.org/
cgi-bin/GO/goTermFinder.pl). The P-value for a speciﬁc
term can be calculated by the following formula:
P ¼
X n
x¼1
M
x
  
N   M
n   x
  
N
n
   10
where N denotes the total number of proteins in the SGD
database (24), n denotes the number of proteins in SGD
annotated by the speciﬁc term, M denotes the total
number of proteins in the STN and x denotes the number
of components in the STN annotated by the term.
Furthermore, the P-value is corrected for multiple testing
by Bonferroni correction.
EXPERIMENTAL RESULTS
We conducted two experiments to test the proposed
method, i.e. identify STN based only on PPI data (with a
pre-processing scheme) in Detecting signaling network
based on PPI data section, and identify STN based on both
PPI and gene expression data (without any pre-processing
scheme) in Detecting signaling networks based on inte-
grated data section. In this work, the yeast MAPK
signaling pathways were used to validate the proposed
methods. Figure 1 shows the four yeast MAPK signaling
pathways deposited in KEGG (25), and these signaling
pathways were used as gold standards in this article.
Detectingsignaling networks based on PPI data
To evaluate the performance of our model, we applied
it to extract signaling networks from yeast PPI network.
The PPI data were obtained from the DIP database (9)
and also used by Scott et al. (4). In this case, the weight in
Equation (1) was deﬁned as the conﬁdence score of PPI.
The ILP model was applied to ﬁnd two known yeast
MAPK signaling pathways: pheromone response and
ﬁlamentous growth. Generally, the PPI networks gener-
ated by high-throughput techniques are very large. For
example, there are about 4839 proteins and 14319
interactions in the PPI network used here. In such a
network, there are many components that are far from the
starting or ending nodes of the signaling network, which
do not likely belong to the signaling network. Therefore,
the Depth First Search (DFS) algorithm was employed to
reduce the network size, remove the obviously irrelevant
nodes and restrict the search space into a realistic and
meaningful one. The smaller PPI network generated by
DFS consists of all possible paths of length 6–9 with
overlapping, and the interactions among proteins in this
network are all from the original PPI network.
Consequently, two smaller PPI networks were generated
by DFS for extracting the two MAPK signaling pathways,
respectively. Note that this kind of pre-processing has
been widely used in the literature (4–7).
As mentioned in the preceding section,   controls the
size of the detected network. By varying   from a small
value to a large one in Equation (1), we can obtain
signaling networks with diﬀerent sizes, i.e. from a
complicated network to a linear pathway. Numerical
results conﬁrm that a detected larger network always
covers a smaller one. Therefore, we can have a series of
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Figure 1. The yeast MAPK signaling pathways from KEGG (25), where
the blue circles are starting nodes and the red ones are ending nodes.
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viewed to be more likely involved in the STN since it is
covered by all larger networks, but a larger one includes
more components.
For the pheromone response pathway, our model was
applied to ﬁnd a signaling network starting from mem-
brane protein STE3 and ending at TF STE12, and the
curve for determining   can be found in Figure 1 of the
Supplementary Data. Figure 2A shows the pheromone
response pathways detected by color coding (4) and ILP
model (with a large  ,  =0.85), respectively. Comparing
the results by our method and color coding based on the
same dataset (4), we can see that the signaling pathway
detected by our method covers the one by color coding.
Furthermore, other proteins, i.e. STE18, FAR1, STE20,
CDC42, STE50 and STE11, were also detected by our
method.
Figure 2B shows the signaling network by ILP with a
smaller   ( =0.8). Clearly, it covers the one shown in
Figure 2A. This signaling network consists of 19 proteins.
By comparing the detected signaling network with
those found by Netsearch (5) and color coding (4), we
can easily verify that most of the components of the three
signaling networks are common. Compared with the
signaling network of the same size detected by Netsearch
(5), although our model did not ﬁnd proteins SST2, DIG1,
DIG2 and SPH1 (not in the main chain, see Figure 1), we
detected STE50 that has been identiﬁed by the color
coding method (4), and detected STE20 and CDC42,
which are involved in the main chain of the pheromone
pathway (see Figure 1). Compared against the color
coding method, our method did not ﬁnd DIG1 and DIG2,
but detected MPT5, which has been identiﬁed by the
Netsearch method (4). In particular, the ILP model
successfully detected STE20 in the main chain (see
Figure 1). Furthermore, the proposed method identiﬁed
two new proteins, i.e. CLN2 and CDC28, where CLN2/
CDC28p complexes repress the pheromone signaling
(26,27). Therefore, the signaling network found by the
proposed method is biologically plausible. In addition,
Figure 3 shows the number of components shared among
the STNs by ILP, Netsearch and color coding. It can be
easily seen that most of the detected components are
shared among the three methods.
Table 2 shows the P-values of functional enrichment on
5 GO terms for members in the signaling network found
Figure 2. The pheromone response pathways, where the blue circles are starting points and the red ones are ending points of the pathways, and the
size of each circle is proportional to the sum of scores of the paths that it is involved in. (A) The pathways by color coding and ILP model ( =0.85);
(B) Pheromone response signaling network discovered by ILP model with a smaller   ( =0.8).
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the members in the extracted signaling network have
similar functions. In addition, the P-value of the
uncovered STN obtained with the random networks as
background is smaller than 10 15, which demonstrates the
signiﬁcance of the extracted STN. From the above results,
clearly our method is a good complement to the existing
algorithms, whereas the ILP model is easy to be
implemented and simple to be interpreted.
For the ﬁlamentous growth invasion pathway, our
model was applied to detect the signaling network
starting from membrane protein RAS2 and ending at
TF STE12, and the curve for determining   can be found
in Figure 2 of the Supplementary Data. Figure 4A,
respectively, shows the signaling pathways detected by
color coding (4) and our method ( =0.90). It can be
seen from Figure 4A that the signaling pathway uncovered
by our method matches the known signaling pathway
(see Figure 1) to a large extent. The CDC25 and HSP82,
which do not appear in the pathway of KEGG, were
detected due to the missing link between RAS2 and
CDC42 in the PPI network. With the same dataset, the
ILP model can ﬁnd the identical signaling pathway of
the same size as that by color coding. In addition, the
ILP model found several additional links compared
against the color coding method. The additional links
may imply alternative signaling pathways, since such
redundant mechanisms can compensate single protein
disruptions and keep signal transduction unblocked (1,2).
Figure 4B shows the ﬁlamentation signaling network
of a larger size detected by the ILP model ( =0.90).
The signaling network consists of 18 proteins, where the
proteins CDC25, SPA2, CYR1, FUS3, HSP82 and BEM1
are assumed to be known and involved in the signaling
pathway to test the eﬀectiveness of the additional
information. Although it is diﬃcult to know exactly all
the proteins involved in a signaling pathway, some
components and casual relationships in the signaling
pathway can be obtained from literature (1,2). Actually, it
is easy to include those conditions into the formulation of
ILP by simply adding linear constraint [i.e. Equation (6)]
for such a case, which is one of the major advantages of
the proposed method. It can be seen from Figure 4B that
the detected signaling network matches the one found by
Netsearch (5) to a large extent. The HSC82 detected by
Netsearch is not in our network because there is a direct
interaction between STE11 and HSP82. The result by ILP
does not include proteins ABP1, DIG1, DIG2 and BNI1,
but instead two other proteins VRP1 and LAS17 were
found because VRP11, LAS17, BEM1, BUD6 and SRV2
occur in the same complex (28) and may have similar
functions. Furthermore, LAS17 forms complex with
ABP1 (28), implying that LAS17 has similar functions as
ABP1. In particular, our method found STE20 that is in
the main chain of ﬁlamentation pathway (see Figure 1)
while Netsearch failed to detect it.
Table 3 shows the P-values of functional enrichment
on 5 GO terms for members in the signaling network
by our method. From Table 3, it can be seen that most of
the members in the signaling network have similar
functions. In addition, the P-value of the extracted STN
calculated with random networks as background is
smaller than 10 15, which indicates the signiﬁcance of
the uncovered STN.
From the results described earlier, we can see that
the proposed ILP model is eﬀective for uncovering
signaling networks from only PPI data. Furthermore,
the ILP model is simple and ﬂexible for various condi-
tions, and is able to detect the signaling networks directly
instead of heuristical multistage procedure like Netsearch
and color coding.
Detecting signaling networks basedon integrated data
In the previous section, our method works well even by
using only PPI data, partly because the conﬁdence scores
of yeast PPIs were estimated with high precision.
However, PPIs for many organisms have no conﬁdence
scores or have not been estimated properly. On the other
hand, a tremendous amount of gene expression data are
nowadays available, and provide insights into signaling
pathways. In this part, we investigated whether the
integration of gene expression proﬁles (microarray data)
with PPI data can improve the performance of the
proposed method. Diﬀerent from Detecting signaling
networks based on PPI data Section, we directly apply
the ILP model to the data without any pre-processing
(e.g. DFS) here. In addition to the two signaling pathways
Figure 3. Venn diagram for the number of proteins shared among the
STNs by ILP, Netsearch and color coding.
Table 2. The P-values of functional enrichment for pheromone
response signaling network found by ILP
GO term P-value #proteins in
the signaling
network annotated
#proteins in
SGD annotated
Response to
pheromone
5.25e-34 19 94
Pheromone-dependent
signal transduction
1.27e-32 15 28
Regulation of
conjugation
with cell fusion
5.27e-32 15 30
Sexual reproduction 5.99e-32 19 118
Signal transduction 1.75e-21 17 225
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to detect the cell wall integrity and high osmolarity (HOG)
pathways. Table 4 shows the details of integration of
PPI and gene expression datasets used here. For the
three pathways including pheromone response, ﬁlamenta-
tion and cell wall integrity, the DIP Core (10) dataset
was employed. For the HOG pathway, the SPA interac-
tion data constructed by Arga et al. (7) were used here
because there are many missing interactions in DIP
Core data for the HOG pathway. In the integrated data,
the weight wij in Equation (1) is the absolute value of
correlation coeﬃcients based on the gene expression data,
where the network structure is determined by PPI.
Furthermore, to see the performance of diﬀerent methods,
precision and recall were employed in this work, where
precision is deﬁned as the percentage of components
detected by the computational methods that are also in
the KEGG pathway, and recall is the percentage of
components in the KEGG pathway that are detected
by the computational methods. Note that these statistical
measures can only be seen as a rough reference,
Figure 4. The signaling pathways for ﬁlamentous growth, where the blue circles are starting points and the red ones are ending points, and the size of
each circle is proportional to the sum of scores of the paths that it is involved in. (A) The pathways by color coding and ILP model ( =0.90).
(B) The ﬁlamentation signaling network by the ILP model ( =0.90).
Table 3. The P-values of functional enrichment for ﬁlamentation
singling network found by ILP
GO term P-value #proteins in the
signaling network
nnotated
#proteins in
SGD annotated
Reproduction 4.13e–14 14 328
Growth 4.76e–13 11 143
Filamentous growth 4.05e–11 10 97
Signal transduction 1.31e–12 12 225
Cell communication 5.20e–12 12 252
Table 4. Integration of PPIs with gene expression datasets for detecting
yeast MAPK pathways
Pathway PPI Gene expression
Pheromone response DIP Core (10) Carbon sources (7)
Diauxic shift (15)
Filamentous growth DIP Core Carbon sources (12)
PHO regulatory pathway (16)
Cell wall integrity DIP Core Rosetta compendium (14)
HOG SPA (7) Stress response (13)
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signaling networks are not available.
Figure 5 shows the signaling networks uncovered by
the ILP model, where only pathways linking membrane
proteins and TFs are illustrated, and the size of each circle
in the signaling network is proportional to the sum of
scores of the paths that it is involved in. The curves
for determining optimal   can be found in Figures 3–5 of
the Supplementary Data. Figure 5A shows the pheromone
response pathway ( =0.50), which contains 34 proteins.
It can be seen that all the components in the main chain
have been successfully uncovered by our model, especially
including CDC42 and STE20, where both CDC42
and STE20 are not found by Netsearch (5) while STE20
is not found by the color coding (4). Compared with the
signaling networks detected by Netsearch (5) and color
coding (4), we can see that the ILP model can uncover
almost all the components found by the two existing
methods except GPA1, SST2 and SPH1, which are not in
the main chain (see Figure 1) and have low expression
correlations (<0:5) with other members in the signaling
network. However, our method successfully identiﬁed
STE20 and BNI1, where the former is in the main chain
and the latter has been conﬁrmed in KEGG (25).
Furthermore, the detected signaling network contains
several additional proteins. Among these proteins, it has
been conﬁrmed that they are relevant to the pheromone
response, i.e. CDC28-CLN1 and CDC28-CLN2 com-
plexes repress the start of pheromone signaling (26), IQG1
mediates the regulatory eﬀects of CDC42 on ACT1 (29),
RSR1 is the upstream regulator of CDC42p (30), GIC1p
and GIC2p are downstream eﬀectors of the CDC42p
small GTPase (30), GCS1 is GTPase-activating pro-
tein (31), LAS17 is actin assembly factor (24), BOI1 is
implicated in polar growth (24), and SPA2 forms a
complex with BUD6 and BNI1 (32).
Table 5 shows the comparison of ILP model with other
existing methods including color coding (4), Netsearch (5)
and Pathﬁnder (8) with respect to precision and recall.
In Table 5, we can learn that our proposed method can
ﬁnd the maximum number of components deposited in
the KEGG signaling pathway, whereas Pathﬁnder got
the highest precision. However, Pathﬁnder adopted the
reconstructed PPI network in the computation. It can be
seen from the results that, despite the simplicity, our
method performs comparably well with existing methods.
It should be noted that such comparison is not so reliable,
since the true signaling networks are not known and
KEGG mainly contains linear pathways instead of
signaling networks. Table 6 shows the functional enrich-
ment of the pheromone signaling network, where we can
see that most of the members in the signaling network
have similar functions. Furthermore, the P-value of
extracted STN calculated with the background random
networks is smaller than 10 15, which veriﬁed the eﬀect-
iveness of the proposed method and signiﬁcance of the
extracted STN. In addition, STNs of diﬀerent sizes for
pheromone pathway by adjusting   can be found in
Figure 6 of the Supplementary Data.
Figure 5B shows the ﬁlamentation signaling network
detected by the ILP model starting from RAS2 and
ending at STE12 ( =0.50), which contains 28 proteins.
It can be seen that our method can detect all the
components in the main chain except CDC42 due to
the incompleteness of the PPI data used in this article.
Compared with Netsearch, our method successfully found
STE20, but missed ABP1, HSC82, FUS1 and HSP82
that are not in the main chain. Speciﬁcally, HSP82 was
not detected by our model because it is not included in the
PPI network due to its low expression change, HSC82 was
not included due to the missing link between CDC25
and HSC82, while FUS1 has not been conﬁrmed to be
related to the ﬁlamentation signaling pathway. Despite
the failure to detect HSP82 and HSC82, our method
detects SSA2 that is also stress gene similar to HSP82 and
HSC82 (33). Furthermore, instead of ABP1, we identiﬁed
three other members including actin assembly factor
LAS17, actin-associated protein RVS167 and PFY1.
These three proteins are in the same complex with
SRV2, BUD6 and ABP1 (28), which implies that they
have similar functions. SPH1 is included due to its strong
correlation with STE7 and STE11, where SPH1 activates
STE7 (34). The rest of the proteins are included because
these proteins are shared among diﬀerent pathways
and have strong correlations.
Table 7 shows the comparison among various
methods in terms of precision and recall. In this case, the
Pathﬁnder detects the maximum number of components
involved in the KEGG ﬁlamentation pathway but has
the lowest precision, whereas the ILP model performs
comparably well with the other methods. This example
demonstrates that no method can always perform best
and diﬀerent methods are complementary to each other.
Table 8 shows the functional enrichment of the ﬁlamenta-
tion signaling network, where we can see that most of
the members in the signaling network have similar
functions. Furthermore, the P-value of extracted STN
calculated with the background random networks is
smaller than 10 15, which also demonstrates the eﬀective-
ness of the proposed method and the signiﬁcance of the
identiﬁed network. In addition, STNs of diﬀerent sizes by
the ILP is given in Figure 7 of the Supplementary Data.
Figure 5C shows the cell wall integrity signaling
network by our method starting from MID2 and ending
at RLM1 ( =0.15). From the ﬁgure, we can see that all
the members in the main chain were successfully detected
except BCK1. Compared with the one found by Net-
search, the ILP model did not ﬁnd FKS1, GIC2, ACT1,
BUD6, BCK1, SPH1 and SMD3 due to the missing
interactions in the PPI network used in this article,
but successfully detected two TFs SWI4 and SWI6 that
are in the main chain of cell wall pathway (Figure 1).
In addition, our method found several other members
including MBP1 that forms a complex with SWI6p (28),
RHO1 eﬀectors SKN7 (35), and BEM4p involved in the
RHO1-mediated signaling pathway (36). Table 9 sum-
marizes the performance of our method and Netsearch in
detecting cell wall signaling network. Although the true
signaling network is not available, the comparison results
demonstrate the eﬀectiveness of the proposed method.
Table 10 shows the functional enrichment of the cell wall
signaling network found by ILP, where we can see that
e48 Nucleic Acids Research, 2008, Vol. 36, No. 9 PAGE8 OF12Figure 5. Yeast MAPK signaling networks detected by ILP model based on integrated data, where the blue circles are starting points and the red
ones are ending points.
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similar functions. Furthermore, the P-value of extracted
STN calculated with the background random networks
is 0.002, which implies the signiﬁcance of the network
derived by the proposed method. In addition, STNs of
diﬀerent sizes by the ILP can be found in Figure 8 of the
Supplementary Data.
Figure 5D shows the HOG signaling pathway found
by the ILP model starting from SLN1 and ending at
HOG1 ( =0.90). It can be seen from the ﬁgure that the
main chain was successfully recovered by our method.
Furthermore, the member STE11 involved in the signaling
network was also detected. Aside from this, several
new links among the members were also discovered,
which may correspond to alternative signaling pathways.
To further test the performance of the proposed method,
we also searched the possible paths of length 6–7 from
the same integrated network that has been used by the
ILP model. The paths starting from SLN1 and ending at
HOG1 were found with DFS algorithm. All the detected
paths were ranked by employing pairwise correlation
according to the sum of the weights for the edges in the
paths as described in (6,7). From the ranking list (found in
text1 of the Supplementary Data), we can see that the
signaling pathway found by the ILP model was ranked at
75. In other words, the HOG pathway cannot be found by
simply ranking the possible linear paths in this case
although such a strategy is adopted by existing methods
(6,7). The existing methods utilizing the pairwise correla-
tion between proteins failed to detect the HOG pathway in
this case because the HOG pathway is not a linear path
and there are additional links among members in the main
chain of pathway. In contrast, our method handles the
HOG pathway as a global entity and thereby performs
better. This example clearly conﬁrms the eﬃciency and
eﬀectiveness of the proposed method.
From the results described earlier, we can see that with
the integration of PPI and gene expression proﬁles, our
method is indeed eﬀective for uncovering signaling
networks. In particular, many putative components of
signaling networks not detected by the existing methods
have been identiﬁed, e.g. we found STE20 for pheromone
and ﬁlamentation pathways, and SWI4 and SWI6 for cell
wall integrity. Although Pathﬁnder can also detect STE20,
it works by reconstructing the PPI network whereas our
method works on the original PPI network. In addition,
the overlap between the published results and the ones
Table 5. Comparison of various methods in detecting pheromone
signaling network
Method Precision (%) Recall (%)
ILP ( =0.50) 47 80
Color coding 83 75
Pathﬁnder 88 75
Netsearch 74 70
Table 6. The P-values of functional enrichment for pheromone
response signaling network found by ILP based on integrated data
GO term P-value #proteins in
the signaling
network
annotated
#proteins in
SGD annotated
Response to
pheromone
4.71e–30 21 94
Signal transduction
during conjugation
3.08e–27 15 28
Pheromone-dependent
signal transduction
3.08e–27 15 28
Signal transduction 6.40e–26 23 209
Cell communication 3.36e–25 23 224
Table 7. Comparison of various methods in detecting ﬁlamentation
signaling network
Method Precision (%) Recall (%)
ILP ( =0.50) 29 73
Pathﬁnder 28 82
Netsearch 33 64
Table 8. The P-values of functional enrichment for ﬁlamentation
response signaling network found by ILP based on integrated data
GO term P-value #proteins in the
signaling network
#proteins in
SGD annotated
Filamentous growth 1.47e-19 15 97
Signal transduction 3.51e-17 17 225
Reproduction 2.82e-19 20 328
Cell surface receptor
linked signal
transduction
3.96e-17 12 54
Growth 9.81e-19 16 143
Table 9. Comparison of ILP with Netsearch in detecting cell wall
signaling network
Method Precision (%) Recall (%)
ILP ( =0.15) 56 63
Netsearch 50 56
Table 10. The P-values of functional enrichment for cell wall integrity
signaling network found by ILP based on integrated data
GO term P-value #proteins in
the signaling
network
annotated
#proteins in
SGD annotated
Signal transduction 1.59e–14 13 225
Cell communication 7.12e–14 13 252
Intracellular signaling
cascade
6.98e–11 10 155
Small GTPase mediated
signal transduction
8.01e–11 8 61
Cell structure
morphogenesis
1.21e–07 8 149
e48 Nucleic Acids Research, 2008, Vol. 36, No. 9 PAGE 10 OF12uncovered by the ILP model conﬁrms the eﬀectiveness and
prediction power of the proposed method.
DISCUSSIONS AND CONCLUSIONS
Signal transduction is one of the most important
biological processes that cells respond to the external
stimuli, and plays an important role in coordinating
metabolism, cell proliferation and diﬀerentiation. In this
article, we presented a novel model for unraveling
signaling networks based on PPI and gene expression
data. In particular, we formulated signaling network
identiﬁcation as an optimization problem. The proposed
method utilizes LP algorithm to eﬃciently ﬁnd the optimal
subnetworks with maximum weights and compact net-
work structure, which are seen as putative STNs. Com-
pared with existing methods, our method is simple in both
algorithm and computation, since it can detect the
signaling networks from protein interaction data directly
instead of heuristically ranking and assembling the
candidate signaling pathways. In addition, our method
can handle a large-scale system without numerical
diﬃculty due to the LP algorithm.
The model has one scalar parameter   to control the
size of the derived STN, which has clear geometric
meaning and thereby can be tuned in a relatively easy
manner. A simple rule was provided in this article to
determine the parameter  . According to the numerical
computations, this rule works well except for detecting the
ﬁlamentation pathway based on PPI data, where the PPI
network is very dense and the weights are distributed
uniformly. In fact, the existing methods (4,5,7) also face
the similar problem in controlling the STN size, which is
usually determined heuristically with prior information.
On the other hand, depending on diﬀerent values of  ,w e
are able to ﬁnd out subnetworks with diﬀerent sizes, and
reveal the hierarchical structure of the signaling networks.
The signaling network is seen as an undirected graph
in this article because PPIs are usually undirected or can
also be considered as bidirected. However, our model can
be easily extended to uncover directed STNs by slightly
modifying the constraints in the model, provided that the
directed high-throughput data are available. In addition,
although there is no theoretical proof, we always obtain
unique optimal solutions numerically for all cases in
this article at a ﬁxed   mainly due to diﬀerent weights
on edges.
The results on known yeast MAPK signaling pathways
demonstrate that our model can uncover the known
signaling pathways to a large extent, and the uncovered
STNs match most parts of those published results, which
conﬁrm the eﬀectiveness and prediction power of the
proposed method. On the other hand, the results also
make it clear that there is no a single method that can
perform the best in all cases. Despite its simplicity, the ILP
model performs comparably well with existing methods in
detecting the yeast MAPK signaling networks. Therefore,
our proposed model can be a good complement to the
existing methods. Furthermore, the results also show that
the integration of protein interaction with gene expression
can considerably improve the performance of the pro-
posed model compared against only PPI data analysis.
Note that in addition to integrating PPI with gene
expression data, other information such as function and
location information can also be easily incorporated into
the proposed model. Understanding the mechanisms of
signal transduction in a cell is essential to uncover the
pathway from a drug to its target gene, and thereby
accelerating the development of new drugs. In the future,
we will further apply our method to discover the drug-
target networks, i.e. pathways from drugs to target genes.
SUPPLEMENTARY DATA
Supplementary Data is available at NAR Online.
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